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Abstract
Background: Developing accurate and universally available biomarkers for dementia diseases is
demanded under world-wide rapid increasing of patients with dementia. Electroencephalogram (EEG)
offers promising examinations due to their inexpensiveness, high availability, and sensitiveness to neural
functions. EEG applicability can be expanded by deep-learning.

Methods: We analyzed EEG signals based on novel deep neural network in healthy volunteers (HV, N=55),
patients with Alzheimer's disease (AD, N=101), dementia with Lewy bodies (DLB, N=75), and idiopathic
normal pressure hydrocephalus (iNPH, N=60) to evaluate the discriminative accuracy of these diseases.

Results: High discriminative accuracies were archived between HV and patients with dementia, yielding
81.7 %(vs AD), 93.9% (vs DLB), and 93.1% (vs iNPH).

Conclusions: This study revealed that the EEG data of patients with dementia were successfully
discriminated from healthy volunteers based on deep learning and could produce a new purpose of EEG
measurement in screening for dementia diseases. 

1. Introduction
Dementia has become serious social and economic issue throughout the world. Over 50 million persons
live with dementia globally, the number of patients is estimated to be threefold by 2050 based on the
World Alzheimer Report 20191. This report also estimates the current annual cost of dementia is 1 trillion
US dollars, and a �gure will increase doubled by 2030.

Accurate differential diagnosis of dementia subtypes is essential to optimize clinical care, for instance, by
carefully avoiding medication with anticholinergic properties and promoting aggressive identi�cation of
therapeutic targets such as orthostatic hypotension and constipation2. Moreover, differential diagnosis
would improve the quality of life of both patients and caregivers and enhance their active participation in
the treatment program3.

Alzheimer's disease (AD) and dementia with Lewy bodies (DLB) are the most common types of
neurodegenerative dementia. AD is characterized by progressive cognitive and functional de�cits, while
the core features of DLB are, besides progressive cognitive decline, parkinsonism, �uctuating cognition,
and recurrent visual hallucinations4. There is growing clinical interest in distinguishing these diseases,
however, DLB and other types of dementia, including AD, share similar clinical and neuropsychological
features, which complicates the differential diagnosis. In addition, not all of clinical symptoms of DLB
were present throughout the disease course, making the diagnosis more di�cult5.

On the other hand, the disease attracting recent medical attention as the leading cause of reversible
dementia is idiopathic normal pressure hydrocephalus (iNPH)6. iNPH is characterized by symptoms of
gait disturbance, cognitive deterioration, urinary incontinence without any preceding diseases. Brain
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imaging shows typical morphologic abnormalities such as ventriculomegaly, dilation of the Sylvian
�ssures and narrowing of the sulci and subarachnoid spaces over the high-convexity area of the brain,
indicating excessive accumulation of cerebrospinal �uid (CSF) in the ventricles7. Patients with iNPH were
often examined in specialized medical institutions for dementia where neurologists, neurosurgeons, and
psychiatrists worked together and they hold the uniform biological background con�rmed by brain
magnetic resonance imaging (MRI). The prevalence of possible iNPH was reported to be 1–2% in the
elderly population by recent community or population-based studies7,8. However, many older patients
with iNPH remain undiagnosed and untreated, yielding the urgent need for developing noninvasive
biomarkers for diagnosis6.

Clinical features and neuropsychological pro�les can overlap among dementia diseases and shift in
accordance with the disease stages of dementia. Differential diagnosis of dementia largely depended on
clinical features, neuropsychological pro�les, and various biomarkers, for instance, structural MRI, Single-
photon emission computed tomography (SPECT), amyloid PET, CSF markers, meta-iodobenzylguanidine
(MIBG) myocardial scintigraphy, Dopamine transporter (DAT) uptake in basal ganglia, and
Polysomnography (PSG) con�rmation of rapid eye movement (REM) sleep without atonia4.

The investigation of above-mentioned biomarkers can be invasive with certain degree, and be conducted
heavily costly and in limited institutions with leading-edge equipment9. One of the biomarkers in clinical
practice to conquer these limitations is electroencephalograph (EEG).

EEG signals re�ect the superposition of electromagnetic �elds generated from cortical neurons'
interaction at a macroscopic level3, thus EEG is considered to be the prime candidate of functional
biomarker of synapse dysfunction and loss in dementia diseases10.

EEG offers a noninvasive technique that is inexpensive, highly available, and sensitive to functional state
of human brain11. Recently, EEG have been utilized as a promising examination to screen and assist
diagnosing dementia12 and neurophysiological �ndings associated with neurodegenerative diseases
have been accumulated11. For instance, numerous studies have reported that patients with AD exhibited
the disruptions in EEG activities, such as generalized slowing activities, reduced global synchronization,
and anteriorization of fast-frequency oscillation13. On the other hand, the EEG features as a potential
biomarker of DLB have been well acknowledged14 and international clinical diagnosis criteria of DLB
referred to the prominent posterior slow-wave EEG activity with periodic �uctuations in the pre-
alpha/theta range as a supportive biomarker of DLB 4. Regarding iNPH, patients with iNPH exhibited
decreased occipital alpha rhythm and altered resting EEG network compared with healthy controls15.

These �ndings can be promising, however, exhaustive research sessions and experienced researchers
must be needed to obtain these research results. These limitations can lead to the necessity of accurate
and automatic assessment equipment available to general hospitals for screening and assist diagnosing
of dementia diseases under world-wide rapid increasing of patients with dementia. The classi�cation for
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multiple dementia diseases based on automatic EEG machine-learning analysis were reported in the past
studies5,17, archiving the high discriminations for multiple dementia diseases. However, these studies
included small patients’ numbers of each dementia diseases (about 20 persons in each dementia
diseases at least). In addition, more than 20 EEG arbitrarily set parameters were analyzed for
discrimination of dementia diseases, then it was shown that the EEG parameters with high differentiation
ability differed depending on each dementia diseases, yielding limitations on practical application with
too complicated analysis conditions. As mentioned above, accurate differential diagnosis of dementia
subtypes is essential to optimize clinical care, moreover, especially for undiagnosed patients with iNPH,
developing noninvasive biomarkers for screening iNPH is urgently needed for �nding the treatable
dementia to lead to medical treatment.

In this study, we evaluated deep-learning based automatic classi�cation of electroencephalography for
discrimination of multiple dementia diseases (AD, DLB, iNPH) with one algorithm based on close to
clinical EEG data in anticipation of social application on larger sample, which held high accessibility and
cost effectiveness derived from EEG measurements. Deep learning methods have successfully solved
classi�cation tasks and provided new insights in various �elds, however, decision processes of their
predictions have been hardly understandable and interpretable, hampering the clinical acceptance in
medical applications17. Thus, we also analyzed the power-based EEG analysis that has been widely
analyzed in EEG analysis for dementia diseases11 and considered the interpretability of the results from
deep learning.

This study included DLB and iNPH to which deep-learning EEG analysis has not ever been applied and
had a wider range of clinical applications while compromising the past auto-diagnosis of EEG research
for dementia diseases to date.

2. Methods

2.1 Study population
The dataset in this study consists of 101 patients with probable Alzheimer's disease (AD), 75 patients
with probable dementia with Lewy bodies (DLB), 60 patients with probable or de�nite idiopathic normal
pressure hydrocephalus (iNPH) who visited the neuropsychological clinic in psychiatry department of
Osaka University Hospital. All patients underwent baseline assessments: demographic, cognitive,
neuropsychiatric assessments, brain structure assessments with brain MRI or Computed Tomography
(CT), laboratory measurements (e.g., blood cell count, blood chemistry measurements, thyroid hormones,
vitamin B12, folic acid), and EEG recordings between April 2009 and December 2020. The following
inspections were optionally executed: SPECT, CSF markers, MIBG myocardial scintigraphy, DAT uptake in
basal ganglia, and PSG. Based on these examinations, we excluded the patients with physical disorders
which might affect cognition such as endocrine disorders, cerebral structural lesions, histories of brain
injury, or drug/alcohol abuse.
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Regarding the cognitive function of the patients’ group, this study included those with dementia19, 20 and
Mild cognitive impairment (MCI)21 level. All patients with AD were diagnosed based on the international
criteria19, 20. All patients with DLB4, 22 or iNPH7 met the standard diagnostic consensus criteria,
respectively. AD, DLB, and iNPH were also diagnosed in patients with MCI according to the above
diagnostic criteria. The diagnosis of DLB and iNPH was prioritized over that of AD in patients who were
considered to have DLB or iNPH with comorbid AD. All diagnoses were performed by certi�ed
neuropsychiatrists and agreed upon at the expert conference in our department.

In Addition, our study included 55 community-dwelling elderly persons as healthy volunteers (HV). Their
inclusion criteria were the following conditions: 1) no history of neurological or psychiatric diseases, 2)
no history of severe head injury nor alcohol/drug abuse, and 3) no impairment of daily living nor global
cognitive impairment (Mini-Mental State Examination23, MMSE score ≥ 27)24.

Prior to enrollment, we explained the utilization of their clinical data for this research to all participants
and obtained written informed consent. In the case of patients who were considered to have insu�cient
cognitive ability to understand the informed consent document, informed consent was obtained from a
caregiver or legal representative of the patient. This study was approved by the ethical committee of
Osaka University Hospital.

2.2 EEG recording
EEG data were recorded with a digital 19-channel scalp EEG device (EEG-1200, NihonKoden, Tokyo,
Japan), using the International 10–20 disposition. EEG data were acquired with a linked ears reference,
sampled at 500 Hz, and �ltered o�ine between 0.53 Hz and 60 Hz. Electrode impedance was kept below
5 kΩ. The recording room was electrically shielded, sound-attenuated, and dimly illuminated. While
recordings, each subject remained in the supine position on a bed in the same shielded room. All EEG
recordings were conducted by experienced EEG technicians at Osaka University Hospital.

Before EEG recording sessions, all subjects were instructed to be relaxed at rest with their eyes closed and
not to sleep during the recording. During recordings, a trained electrophysiologist monitored the EEG
signals. When EEG signals indicated stage  or less, the subjects were asked to wake up by oral direction
or beep sounds. Also, when EEG included muscle artifacts, the subjects were told to be relaxed. All EEG
data were veri�ed to record more than 20 minutes under eyes-closed states. In the middle of the EEG
recordings with eyes closed, the subjects were ordered to open and close their eyes ten times to control
their vigilance.

2.3 Preprocessing of EEG data
EEG data during eyes-closed states were used in later analyses. EEG periods with severe artifacts visually
observed in all electrodes were excluded. However, EEG periods with the following artifacts were not
excluded: blink-, muscle-, drowsy-, and electrocardiograph artifact. Thus, most of the recorded EEG
signals remained for our analysis (Fig. 1).
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2.4 MNet: a deep neural network to classify raw EEG signals
Mnet25, our previously developed convolutional neural network model, was applied for solving
classi�cation tasks for participants’ EEG data. MNet yielded high accuracy of discriminating the healthy
subjects and patients with neurological disorders based on multi-channel wide neurophysiological
oscillations. In this study, we modi�ed the Mnet with a subject-level classi�er to enhance the
generalizability. The network architecture was shown in Fig. 2. Preliminary investigation and technical
details of this analysis were shown in the supplementary �le.

2.5 Catboost classi�er: a machine learning to classify EEG
power
Catboost is an open-sourced machine learning algorithm based on gradient boosting over decision trees.
Catboost's e�cacy is also validated in medical applications26,27. The input features for Catboost were
not raw EEG signals but the mean frequency band powers on each channel determined by Fast Fourier
Transformation (FFT) (δ: 1–4 Hz; θ: 4–8 Hz; low-α: 8–10 Hz; high-α: 10–13 Hz; β: 13–30 Hz; low-γ: 30–
58 Hz). Technical details of this analysis were shown in the supplementary �le.

3. Results
Demographic data analysis

Demographic and clinical information of all study group were summarized in Table 1. One way analysis
of variance (ANOVA) was used to determine whether signi�cant differences existed among the
participants with regards to age and Kruskal-Wallis test was used for MMSE, then the Bonferroni post hoc
test was used for adjusting multiple comparison situations. The signi�cant differences were observed
between HV and all patients group in age and MMSE (p < 0.001), between patients with AD and DLB in
age (p = 0.012), between patients with AD and iNPH in MMSE (p < 0.001), and between patients with DLB
and iNPH in MMSE (p = 0.001).

The differences of powers in EEG signals among dementia patients and healthy subjects

Figure 3 showed the powers of 2-sec epochs evaluated by FFT and averaged for each electrode among
subject group. Power peaks in alpha band among all study group were con�rmed, yielding
neurophysiological valid EEG activities in resting eyes-closed state.

Classi�cation of dementia diseases based on MNet

As summarized in Table 2, patients with each dementia diseases and healthy volunteers were
distinguished with an accuracy of 80 % or more (AD:81.7%, DLB:93.9%, iNPH:93.1%) and patients with
the three dementia diseases (AD + DLB + iNPH) and the healthy volunteers were discriminated with 87.7%
accuracy. Moreover, the 4-class classi�cation (HV vs AD vs DLB vs iNPH) accuracy was 68.2%.
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Classi�cation of dementia based on Catboost

As summarized in Table 3, patients with each dementia diseases and healthy volunteers were
distinguished with an accuracy of 80 % or more (AD:80.9%, DLB:92.2%, iNPH:82.0%) and patients with
the three dementia diseases (AD + DLB + iNPH) and the healthy volunteers were discriminated with 83.9%
accuracy. The 4-class classi�cation (HV vs AD vs DLB vs iNPH) accuracy was 58.3%.

4. Discussion
This study has demonstrated the precise discrimination of EEG signals among healthy subjects and
patients with AD, DLB, and iNPH based on deep-learning methods. We proposed a deep-learning based
algorithm trained with big data of EEG signals during resting state. Using the proposed algorithm, the
dementia patients and healthy volunteers were successfully classi�ed with 80–90% accuracies that were
higher than those of discrimination based on the power of EEG signals with non-deep learning method.
Deep learning methods could provide signi�cant advances over the traditional machine learning methods
to classify neurophysiological features28, which were consistent with our results. To our best knowledge,
this is the state-of-the-art to discriminate healthy volunteers and patients with multiple dementia diseases
based on EEG signals during resting state.

The past several researches employed machine learning algorithms for EEG classi�cation of AD29–32 and
these studies were considered to hold several limitations such as relatively small sample size and the
potential effect of over�tting. In the machine learning classi�cation study for EEG, the highest performing
AD vs HV model was acquired in relative power (AUC = 0.76)24. While in the study on deep learning, the
applied CNN classi�er to the EEG data of healthy subjects and patients with AD were reported with the
classi�cation accuracy was reported 85% in AD vs HV33. These results were almost equivalent to our
results, con�rming the reproducibility of these research methods.

To our best knowledge, this is the �rst study to apply deep learning algorithm to EEG data for
discrimination of DLB. In addition, only a few evidences are available even on non-deep learning EEG
classi�ers for discrimination of DLB. In the previous machine learning study, the discrimination rate
between healthy control and patients with DLB were about 90%34, which was in line with our results
based on deep learning algorithm. However, in the previous study 35 EEG parameters were arbitrarily set
for analysis for machine learning, thus, analysis model was different from our study in which the raw EEG
data were included and the features themselves were automatically analyzed, yielding the careful
interpretation of the results. In this study, the discrimination accuracy of DLB hold the tendency to be
consistently high, which could re�ect the fact that several neurophysiological disturbances likely to
appear in patients with DLB, as con�rmed in the international clinical diagnosis criteria of DLB4, and such
disturbances were captured by our machine learning and deep learning algorithm.

Regarding iNPH, our study is the �rst investigation to apply machine learning or deep learning algorithm
to EEG data for discrimination of iNPH. The symtoms of iNPH could be ascribed to the disturbances of
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impaired interactions between multiple brain regions rather than isolated neural regions6. Power and
current density values assessed by EEG data were altered in patients with iNPH6. For instance, a slowing
of EEG signals in patients with iNPH correlated with increased CSF out�ow resistance35 and beta-band
temporal power in frontal cerebral regions was increased in patients with iNPH36. In this study the
discrimination accuracies between healthy volunteers and patients with iNPH was 93.1% with AUC of
0.983 on deep-leaning algorithm, archiving precise discrimination. Although the morphological changes
in the brain were necessary for diagnosis of iNPH, the neurophysiological features of iNPH could be
clinically important information.

The discrimination accuracy was 87.7 % in healthy volunteers or dementia patients classi�cation (HV vs
AD + DLB + iNPH). Our deep neural network could predict whether dementia or not with nearly 90%
accuracy, suggesting the potential of screening test for dementia diseases under the rapid growth of
patients with dementia based on easily available EEG data.

In this study the high discriminations were archived for respective underling pathologies compared to
healthy volunteers, however the accuracies of discrimination between dementia diseases (AD vs DLB or
AD vs DLB vs iNPH) were about 70%, which was inferior to the comparison with healthy volunteers. As
shown in previous studies, there are many cases with AD and cormorbid DLB37 and iNPH38. In this study,
the diagnosis of DLB and iNPH was prioritized over AD and cases with multiple pathologies could be
included, yielding the inferior discrimination accuracy. Although the discrimination accuracies were
limited, the EEG analysis of this study could help to estimate the underling pathologies and motivate
further clinical examinations in clinical settings for patients with dementia.

In comparison to non-deep learning analysis with power, the accuracies for discrimination between
healthy volunteers and patients with AD or DLB were only 1–2% higher in deep learning, however, the
accuracy between healthy volunteers and patients with iNPH were 10% higher. These results suggested
that most of the feature values could be explainable based on power or similar features in the
discrimination between healthy volunteers and patients with AD and DLB, however, in the discrimination
in patients with iNPH several feature values other than power could be utilized in deep learning to
increase the discrimination accuracy.

Strengths of the proposed deep-learning based algorithm were the highly accurate discrimination for
multiple underlining pathologies of dementia cases and the ability to automatically extract
neurophysiological features from the raw EEG signals without any professional preprocessing of signals,
which is easily applicable to actual clinical practice. Our algorithms ran e�ciently on large data sets,
which was easy to use and be applied in general hospitals even without advanced equipment. EEG
measurements have been clinically performed for the purpose of excluding organic causes such as
epilepsy, however, this study could produce a new purpose of EEG measurement in screening for
dementia diseases. Recently, Food and Drug Administration (FDA) approved aducanumab, the �rst drug
for the disease-modifying treatment of Alzheimer’s disease. Screening for such expensive new drugs
needs amyloid testing via expensive PET scan or invasive spinal tap. Today, amyloid imaging technology
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is inaccessible to the vast majority of the world’s older adults who are at risk for dementia. We would like
to improve the discrimination accuracy between AD and other dementia diseases and develop our deep-
learning analysis as a screening test for disease-modifying drug of AD.

5.Limitaions

One of the limitations of this study was diagnosis of neurodegenerative diseases. The diagnosis of AD
and DLB were conducted based on the clinical symptoms and clinical examinations and autopsy
con�rmations were not obtained, yielding the possibility of biological heterogeneity of each disease. Next,
another possible limitation was deviations of study participants' age and cognitive function. Since this
study included the consecutive clinical cases with EEG measurements for clinical screening within the
study period, the age and cognitive function of participants could not be controlled uniformly. This
potential in�uence on our results could not be ruled out absolutely, thus our results should be interpreted
with caution. Then, another possible concern was the potential effects of medical drugs on EEG activities.
Although it was necessary to consider the potential effects of central nervous system (CNS) agents in
EEG analysis, it was di�cult to control the state of drug administration in real-world studies targeting the
older patients suffering from dementia and having lots of underlying various diseases with aging.
Recently, EEG analysis studies using machine learning12,34 for patients with dementia have exhibited
physiologically valid and promising results by analyzing data without controlling the administration state
of the drug, thus, in such studies the potential in�uence of drugs on EEG activities could not be larger
than expected. In this study, patients with iNPH which was supposed to take fewer of CNS agents than
patients with AD and DLB, also showed a high discrimination accuracy, yielding the possibitily of properly
extracting neurophysiological characteristics rather than the effects of CNS agents.

Conclusion
This study revealed that the EEG data of patients with dementia (AD, DLB, iNPH) could be successfully
discriminated from healthy volunteers based on deep learning algorithm using the raw EEG signals
during resting state, which is clinically feasible. The proposed algorithm could be applied to general
hospitals without advanced equipment and expert knowledges and be implemented in clinical practice to
support diagnosis of dementia in the future.
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Due to technical limitations, tables are only available as a download in the Supplemental Files section.

Figures

Figure 1

Number of 2 seconds-EEG data of all participants utilized for analysis The vertical axis represents the
number of EEG data used in the analysis of each subject. HV: Healthy Volunteers, AD: patients with
Alzheimer’s disease, DLB: patients with dementia with Lewy bodies, iNPH: patients with idiopathic normal
pressure hydrocephalus
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Figure 2

The architecture of our developed deep neural network (Mnet). The �gure shows the �nal network
con�guration, however see the supplementary �le for preliminary review and technical explanation in
detail.
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Figure 3

the EEG power of 2-sec epochs and averaged for each electrode among all subject group. Each �gure
shows the averaged power of each electrode for each participants.
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